The study aimed at evaluating the influence of different production conditions, conservation, and extraction procedures on the total phenolic compounds and antioxidant activity of blueberries by DPPH and ABTS methods. The production factors considered were origin, altitude of the farm location, and age of the bushes. The conservation conditions considered were freezing as opposed to the fresh product. The extraction procedures included two different solvents and two orders of extraction. The data analysis was carried out by training artificial neural networks to model the data and extract information from the model.
Introduction
Blueberries (Vaccinium spp) are greatly appreciated and widely consumed around the world in view of their high contents in phenolic compounds, including anthocyanins, flavonols, chlorogenic acid, and procyanidins (Koca and Karadeniz, 2009) . Blueberries have demonstrated a diversity benefits for humans such as antidiabetic, antimicrobial, antiproliferative, memory loss preventive, urinary disease protecting, apoptotic, liver protective, lowering blood cholesterol, lifespan-prolonging or anti-inflammatory activities, preventing vision problems, delaying ageing, cancer preventive, atherosclerosis preventive, and cardioprotective properties (Adams et al., 2010; Chen et al., 2015; Prior et al., 2009; Shi et al., 2008; Wu et al., 2010; Zielinska et al., 2015) . In addition to these biological activities, its powerful antioxidant activity is certainly one of the characteristics that have contributed for the popularity of this small berry in the past decades (Wolfe et al., 2008; Wu et al., 2004; Zhou et al., 2014b) , being used as sources of natural antioxidants and in a variety of applications for preventing chronic diseases and nervous system disorders (Stoner et al., 2008; Youdim et al., 2000) . Due to the numerous health benefits associated with blueberry consumption, besides their unique taste, and nutritional value, the worldwide production and consumption have increased rapidly in the past years, so that they become the second most important soft fruit species after strawberry (Giongo et al., 2013) .
However, blueberries are significantly perishable and susceptible to rapid spoilage (Cantín et al., 2012) , and the postharvest life is very short when stored at ambient temperature due to the susceptibility to microbial spoilage, mechanical damage, or loss of moisture and nutrients (Hancock et al., 2008) . Duan et al. (2011) indicate for fresh blueberries a shelf life between 1 and 8 weeks, but this is significantly variable according to the maturity stage, harvest technique, presence of fruit disease, or storage conditions. The transfer of the fruits from producer to final consumer generally requires 5 to 10 days, and, hence, cold storage is mandatory to maintain quality (Zhou et al., 2014b) . Zhou et al. (2014a) showed that low-temperature storage (including freezing) can delay senescence as well as help to preserve fruit quality. Hence this procedure may be used to successfully extend the postharvest life of blueberry. Still, long-term storage can gradually affect fruit quality. Furthermore, the quality can be greatly compromised when the stored fruits are subsequently moved to ambient temperature.
Many factors affect the blueberries production and yield, as well as the fruits' characteristics. Irrigation, for example, is a determinant factor in the growth and production of blueberry. This is because the root system of this plant is superficial, quite confined, with a small amount of root hairs, and all these contribute to the restriction in the water uptake capacity (Holzapfel et al., 2004) . The blueberry is very dependent on a low temperature environment, this being a critical factor that limits its growth and survival and, hence, conditioning its geographical distribution (Die and Rowland, 2014; Folta and Kole, 2011) .
Artificial neural networks (ANN) have been used in the past for modeling many processes in food engineering and food chemistry. Guiné et al. (2015b) produced an ANN model to predict the antioxidant activity and the content of phenolic compounds in bananas submitted to different drying treatments. Cabrera and Prieto (2010) applied ANN modeling to describe the antioxidant activity in essential oils. Xi et al. (2013) used ANN to model the ultrahigh pressure extraction of green tea polyphenols. Vats and Negi (2013) optimized by ANN modeling the release of polyphenols and sugars from pine fallen foliage, in the development of bioprocesses. Gutés et al. (2005) applied ANN analysis for the determination of phenolic compounds.
The present work's goal was to model by ANNs the effect of different production and conservation conditions, as well as extraction procedures, on the phenolic compounds and antioxidant activity of blueberries from cultivar Bluecrop. The production factors considered were origin, altitude of the farm location and age of the bushes, and the conservation was under freezing as opposed to the fresh product. The extraction procedures included two different solvents and different orders of the extraction.
Materials and methods

Harvesting and conservation
To carry out this study were used blueberries Vaccinium corymbosum L., from cultivar Bluecrop grown in conventional production mode in five different farms in Portugal located in different parts of the North-Centre region (Figure 1 ). The production conditions in each farm are as shown in Table 1 . The fruits were manually harvested in a maturation state corresponding to commercialization (Figure 2 ). The analyses were made right after harvest in the fresh fruits and also after 6 months of storage under freezing at a temperature of −20 ºC.
Chemical analysis
The phenolic compounds were extracted with methanol and with acetone solutions, and in each case the sample was left for 1 hour in an ultrasonic bath at room temperature. The extracts obtained were then used to quantify the phenolic composition and the antioxidant activity. The total phenolic content in the fruit extracts was determined by the Folin-Ciocalteu method according to Gonçalves et al. (2012) . The antioxidant activity was determined by DPPH (2,2-diphenyl-1-picrylhydrazyl) (Brand-Williams et al., 1995) method and also by the ABTS (2,2′-azino-bis(3-ethylbenzthiazoline-6-sulphonic acid)) method (Miller et al., 1993) .
Statistical analysis
All values are presented as mean plus corresponding standard deviation based on the different replicas made. Furthermore, to evaluate if there were statiscally significant differences between samples, ANOVA was used with post-hoc Tukey test for multiple comparisons. The statistical treatment was done using software IBM SPSS, version 24, and the level of significance considered was 5% (p < 0.05).
Modeling by ANN
ANNs are an interconnected association of artificial neurons. The input for each neuron can be one or more variables with their corresponding weights, and the output is a function of the weighted inputs. Neurons learn by adjusting the weights of the input variables, in such a way that the error between the neuron's expected output and the measured output value is minimized. The weights learnt by the neural network during training are an indication of the relevance of each variable for the whole system. The analysis of the weights gives a wealth of information about the contribution of each input to the final output (Guiné et al., 2015d) .
Data encoding and modeling
The ANN used was a feed-forward model, created using Matlab™ 1 fitnet function, which is designed for data fitting of datasets such as the ones used in the present work. Sigmoidal transfer function, which is a universal approximator, was used in the hidden layer, with a linear transfer function in the output layer (Guiné et al., 2015d) . Training is based on LevenbergMarquartd method and the Mean Squared Error (MSE) method for performance assessment, as in fitnet function default configuration.
Since neural networks use inductive reasoning, in general more samples produce better models and more confidence in the result. In the present work, the dataset contained 121 experimental results. Figure 3 shows the input and output variables to consider in the ANN modeling and Table 2 Figure 3. Input and output variables to consider in the ANN analysis. 1 summarizes the input variables, which were split into a total of 12 variables for better neural network fitting and analysis. Age and altitude of the farm were floating point numbers normalized in the interval [0, 1]. L i , S i , and E i were Boolean values.
To facilitate the process of training the neural networks and analysis of the results, each output variable was processed separately. Each network had just one hidden layer with one input neuron and one output neuron. For each run, the Matlab script randomly selected approximately 70% of the samples for the train subset, 15% for the validation subset and the remainder samples were used for the test subset.
Results and discussion
Total phenolic compounds Figure 4 shows the total phenolic compounds evaluated in the blueberries from Sever do Vouga, according to type of solvent used for the extraction, order of extraction and state (fresh as opposed to frozen for a period of 6 months). The results show that the first extraction with methanol is by far the most effective in recovering phenolic compounds from the sample, accounting for 59% of all the phenols extracted. The following extraction with methanol is not so effective, allowing obtaining just 11% of the total phenols extracted. The first extraction with acetone is again more effective than the second, but comparing to methanol it is much lower, 21% and 9%, respectively for the first and second extractions. This reveals that the phenolic compounds present in the blueberries were mainly polar, and hence their higher affinity for the polar solvent (methanol). The type of solvent has proved to influence the extraction of the phenolic compounds, including for the different solubilities according to polarity of the molecules of the solvents and the phenolic compounds (Guiné et al., 2015b) . While methanol shows a good efficiency in extracting lower molecular weight polyphenols, the higher molecular weight compounds are better extracted with aqueous acetone (Guiné et al., 2015b) . Figure 5 shows the same results for the samples collected in Oliveira do Hospital, Vouzela, Estarreja, and Braga. The first extraction with methanol always accounts for the highest percentage of phenolic compounds, for all sample origins and both in the fresh and frozen blueberries. Following is the 3rd extract, which is the first with the solvent acetone. The relative importance of the 2nd and 4th extracts is low, for these extract a very low amount of phenolic compounds. This trend has been observed previously for blueberries and pears (Guiné et al., 2015a (Guiné et al., , 2015b .
As to the different origins, it stands out the sample from Oliveira do hospital, with the lowest quantity of phenols, as compared to all others. Factors that may be responsible for these differences could be: cultural practices (irrigation method, quantity of water available, treatments applied) or climatic differences (intensity of UV radiation, daily temperature range, or the difference between the minimum and maximum temperatures during the day) (Dragović-Uzelac et al., 2010; Eichholz et al., 2011; Granelli et al., 2012) Figure 6 presents for all samples the sum of the phenolic compounds extracted with methanol or with acetone, and then the global value (which includes both solvents). The graphs show that methanol is more efficient in extracting the phenols from the blueberries, accounting for more than twice those extracted with acetone, and this trend is valid for both samples, fresh or frozen. The phenolic compounds comprise a polar part, constituted by one or more hydroxyl groups, which is attached to the aromatic ring (non-polar). This structure allows distinguishing phenols according to their polarity, which naturally influences the efficiency of their extraction depending on the nature of the solvent used (Meneses et al., 2013) .
Antioxidant activity
The graphs in Figure 7 present the antioxidant activity determined by DPPH method. The results show that the antioxidant activity is higher in the first extract with methanol for all sample origins, followed by that in the 3rd extract (the first with acetone). This result is in accordance with that of the phenolic compounds, since it is expected that phenols have a large contribution for the antioxidant activity. Again the blueberries from Oliveira do Hospital show the lowest antioxidant activity quantified from all origins. It has been observed that phenolic compounds are intimately related to the antioxidant activity in fruits and other plant materials, and therefore it is expected that a lower amount of phenolics may be associated with a lower antioxidant capacity (Gonçalves et al., 2015 (Gonçalves et al., , 2015a Guiné et al., 2015c Guiné et al., , 2014 Santos et al., 2014) The results for the antioxidant activity in Figure 8 confirm that the methanol extracts exhibit higher antioxidant capacity as compared to the acetone extracts, both in fresh and after freezing. Furthermore, a consistent trend was observed for the antioxidant activity to be higher when the blueberries were kept frozen for a period of 6 months than the fresh sample. Figure 9 shows the results obtained for antioxidant activity through the ABTS method, but globally, that is, considering the sum of all four extracts. The trend observed for ABTS results is similar to that previously seen for DPPH, so that the blueberries from Olievira do Hospital present the lowest antioxidant activity, either fresh or frozen. Furthermore, with the freezing operation the antioxidant activity tends to increase. 
ANN modeling
The neural networks used learn by adjusting weights and bias of connections, so those weights and bias reflect the contribution of the inputs to predict the output. The bias, being constants, are not relevant to the present analysis.
Experimental results
Many different experiments were performed for each output variable. The result of the learning process depends on some random values, such as the initial weights and bias of each neural connection and the samples selected for the test and validation sets. Therefore, the final results obtained can be different between experiments. The best neural network models will produce the best correlations between values predicted by the neural network and the experimental values measured in the laboratory. For better confidence in the analysis, different experiments were performed in the present study, and the results shown are the average of five selected experiments. Training each model in Matlab took, on average, less than 16 epochs, and required, on average, less than 0.3 seconds, as measured using Matlab tic -toc commands. Table 3 summarizes some performance parameters of the models. The correlation factors R are greater than 0.98 for the whole dataset, and the Mean Squared Errors (MSE) are very low. Therefore, the models are in general very reliable for the dataset. Table 4 Figure 11 charts the input weights as shown in Table 4 . It is clear from the chart that both TP and DPPH behave in a similar way. The inputs that are important for one variable affect the other in a very similar proportion. Not surprisingly, the order of the extract is the most important predictor. The second extraction always retrieves much less phenolic contents or antioxidants than the first extraction, and the neural weights reflect that by showing a large negative weight to the order of the extract. The type of solvent used is the second best predictor. Methanol has a normalized weight above 0.45 for both variables, showing that when methanol is used the amount of phenolic contents and antioxidants extracted will be higher, while the use of acetone shows an almost negligible contribution. The chart also illustrates very clearly the importance of the farm location. Vouzela and Braga, followed by Estarreja, were given significant weights, always above 0.25. On the other hand, the models are almost totally indifferent to Oliveira do Hospital and Sever do Vouga, which receive weights less than 0.13 for both variables.
Analysis of the input neurons' weights
The role of altitude of the farm is also illustrated, as well as the bushes' ages. Both variables seem to play marginal roles, but they have an equal contribution to the amounts of TP and DPPH measured. Since altitude, in meters, and age, in years, are mapped in the interval [0, 1] in the input, the models point that older bushes at higher altitudes are most likely to produce berries richer in phenolic compounds and antioxidants.
As for the conservation methods, the models concur that freezing should preserve at least more DPPH-the latter is more likely to be found in frozen samples than in fresh samples. The state Frozen is actually the fourth most important predictor for DPPH, and fifth for TP.
Conclusions
The quantity of phenolic compounds present in different samples of blueberries was measured, as well as the antioxidant capacity, being also the results evaluated by neural network models.
The results indicated that the type of extract and the order of extraction greatly influenced the phenolic compounds and the antioxidant activity, with methanol showing better extraction capacity than acetone and the first extraction showing higher efficiency as compared to the second. Also the cultivation place influenced these properties, so that the blueberries from Oliveira do Hospital presented lower phenolic contents and lower antioxidant activity. Furthermore, a small correlation was found showing that older bushes at higher altitudes produced berries richer in phenols and antioxidants. With regard to conservation, no influence was observed for phenols but a slight influence could be detected for antioxidant activity.
